Chapter 4

Multilayer Perceptrons
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Figure 4.1 Architectural graph of a multilayer perceptron with two hidden layers.
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Figure 4.2 lllustration of the directions of two basic signal flows in a multilayer perceptron: forward propagation of
function signals and back propagation of error signals.
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Figure 4.3 Signal-flow graph highlighting the details of

output neuron j.
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Figure 4.4 Signal-flow graph highlighting the details of joutput neuron k connected to hidden neuron j.
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Figure 4.5 Signal-flow graph of a part of the adjoint system pertaining to

back-propagation of error signals.
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Figure 4.6 Signal-flow graph illustrating the effect of momentum constant a| which lies inside the feedback loop.
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Figure 4.7 Signal-flow graphical summary of back-propagation learning.| Top part of the graph: forward pass.
Bottom part of the graph: backward pass.

output desired
values values
WD = — M (2) p@ o d
o1 4
—O0——0—
e(-)o,—1 & d
—O——O—<—0
¥
) )03 - 1 62 d3
2 O—> O «—0
¥
€3
Note the use of 0
derivatives at
forward activations for _—
computing i
backpropagated error.
O é;3
o The d are “sensitivities”.
a(1) &(1) s(1) s(2) . (2) «(2)
01 53 03 0] 07 03
Copyright ©2009 by Pearson Education, Inc.
gleura/ HNetvll/orks and Learning Machines, Third Edition Upper Saddle River, New Jersey 07458
e imon Haykin

All rights reserved.



Figure 4.8 (a) Architectural graph of network for solving the
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Figure 4.9 (a) Decision boundary constructed by hidden neuron 1 of the network in Fig. 4.8. (b) Decision boundary
constructed by hidden neuron 2 of the network. (c) Decision boundaries constructed by the complete network.
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Figure 4.10 Graph of the hyperbolic tangent function
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Figure 4.11
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Figure 4.12 Results of the computer experiment on the back-propagation algorithm applied to the MLP with distance
d = -4. MSE stands for mean-square error.
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Figure 4.13 Results of the computer experiment on the back-propagation algorithm applied to the MLP with distance
d =-5.
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Figure 4.16
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Figure 4.17 lllustration of the early-stopping rule based on cross-validation.
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Figure 4.18 lllustration of the multifold method of cross-validation. For a given trial, the subset of data shaded in):eﬁ/is
used to validate the model trained on the remaining data. blue
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Matrix Formulation

« Each neuron has a weight vector.

* A layer is a vector of neurons, so a

layer has a weight matrix, the rows of

which are the weight vectors of each
neuron.
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